Abstract-This paper proposes an approach for the protection of transmission lines with FACTS based on Artificial Neural Networks (ANN) using Wavelet Transform (WT). The required features for the proposed algorithm are extracted from the measured transient current and voltage waveforms using discrete wavelet transform (DWT). Those features are employed for fault detection and faulted phase selection using ANN. The type of FACTS compensated transmission lines is the Thyristor-Controlled Series Capacitor (TCSC). System simulation and test results indicate the feasibility of using neural networks using wavelet transforms in the fault detection, classification and faulted phase selection of FACTS compensated transmission lines.
I. Introduction
Most of the FACTS devices are installed on existing transmission lines to enhance their capacity, performance, and stability [1 -9] . Distance protection relays have been widely applied for protecting transmission lines. This is due to their simple operating principle and capability to work independently under most circumstances and still provide very good protection for the transmission line [10, 11] . Thus, there is a very high probability that the transmission line where the FACTS device is being installed is protected by a distance relay.
According to their connection with the transmission lines, FACTS devices can be broadly classified into three types: series, shunt, and composite series and shunt. Thyristor-Controlled Series Capacitor (TCSC) is one of the main series FACTS devices which allow rapid and continuous changes of the transmission line impedance [10] . The TCSC-based compensation possesses a thyristor-controlled variable capacitor protected by a metal-oxide varistor (MOV) and an air gap.
However, the implementation of this technology changes the apparent line impedance, which is controlled by the firing angle of thyristors, and is accentuated by other factors including the MOV. The presence of the TCSC in the fault loop not only affects the steady-state components but also the transient components. The controllable reactance, the MOVs protecting the capacitors and the air gaps operation make the protection decision more complex and, therefore, the conventional relaying scheme based on fixed settings has its limitations.
Fault classification and section identification is a very challenging task for a transmission line with FACTS. There has been considerable work to study the effect of series compensation including series FACTS devices on the performance of distance protection relays [12] [13] [14] [15] . Different attempts have been made for fault classification using wavelet transform, the Kalman filtering approach, and neural networks [16] [17] [18] [19] . This paper presents an adaptive protection algorithm for transmission lines employing TCSC, for fault detection and classification. The algorithm consists of two stages. In the first stage, the modal information is extracted from the measured signals using the Wavelet method. In the second stage, an ANN is designed to estimate the faulted phase(s) based on the features extracted from Wavelet. The input to the ANN consists of the coefficients of the voltage and current waveforms at the relaying point. The performance of the proposed classification scheme is tested, by using the PSCAD/EMTDC and MATLAB simulators, and the results are presented to indicate the potential benefits of the proposed technique.
II. Wavelet Transform
Wavelet transform (WT) is a mathematical technique used for many application of signal processing [20, 21] . Wavelet is much more powerful than conventional method in processing the stochastic signals because of analyzing the waveform time-scale region. In wavelet transform, the band of analysis can be adjusted so that low frequency and high frequency components can be placed in windows by different scale factor. Recently WT is widely used in signal processing applications, such as denoising, filtering, and image compression. Many pattern recognition algorithms have been developed based on the wavelet transforms. It has been used widely by the power system researchers [22, 23] According to scale factor, wavelet categorized different section. In this paper the wavelet which is named Discrete Wavelet Transform (DWT) by two scale factor was used.
DWT is an ideal way to capture the transient phenomena for transformer. The wavelet transform gives the frequency information of the signal and also the times at which these frequencies occur. Combining these two properties make the Fast Wavelet Transform (FWT), an alternative to the conventional Fast Fourier Transform (FFT). Wavelet tends to be irregular, asymmetric, short and oscillatory waveforms.
To detect the transformer faults, only dominant transients within the certain bands play the important role. Therefore the wavelet filter banks are designed to extract the required transient currents. DWT is capable of extracting both fast and slow events in a desired resolution. The DWT of a signal x is calculated by passing it through a series of filters. First the original signal x[n] is passed through a half band low pass filter with impulse response g [n] , resulting in a convolution of the two of them.
where x is the signal in discrete time function. The sequence is denoted by x[n], n is an integer, g [n] is the impulse response of the low pass filter and y[n] is the output of the filter.
The signal is also decomposed simultaneously using a half band high pass filter h [n] . The outputs from the high pass filter give the detailed coefficients and the outputs from the low pass filter give the approximate coefficients. It is important that the two filters are related to each other and they are known as a quadrature mirror filter. However, since half of the frequencies of the signal have now been removed, half the samples can be discarded according to the Nyquist's rule. Hence the equation (1) becomes,
This decomposition has halved the time resolution since only half the number of samples now characterize the entire signal. However, this operation doubles the frequency resolution, since the frequency band of the signal now spans only half the previous frequency band. The block diagram of filter analysis is shown in Fig. (1) . 
III. Artificial Neural Networks
It is well known that artificial neural networks (ANN) can be used to solve complex and nonlinear engineering problems by learning from previous experience, without looking for complex mathematical relationships between inputs and outputs. Once a neural network is trained with an appropriate input and output signals, it will contain the non-linearity of the desired mapping, avoiding the knowledge of complex non-linear relationships.
The proposed design for all ANNs, used in this paper, consists of input layer, two hidden layers, and an output layer as shown in Fig. (2) . The back-propagation algorithm is used for network training. The network has two hidden layers to accelerate the result and improve the performance. The "tan sigmoid" and the "log sigmoid" showed to be more suitable for this application. The damping coefficient and frequency of oscillation are scaled to have a maximum value of +1 and a minimum value of 0. The learning factor, which controls the rate of convergence and stability, is chosen to be 0.05. The training process is continued until the average error between the actual output and the desired output reaches an acceptable value, which was taken to be 0.001. 
IV. Study System
The simulation of the power system has been carried out using the PSCAD/EMTDC software package [24] . A 230 kV, 50 Hz series compensated transmission line system, shown in Fig. (3) , is modeled. The system has two equivalent sources; the TCSC is located close to the midpoint of the transmission line. Fig. (4) shows a schematic diagram of the proposed fault classification scheme. It consists of two stages. In the first stage, the modal information is extracted from the measured three-phase voltage and current signals using discrete wavelet transform. To aid the development of the fault-detection technique using the DWT, wavelet transform realization has been employed which determines a coefficient of d1 (detail one) using one mother wavelet from an actual current and voltage waveforms. The mother wavelet considered is Daubechies (db) 4. The behavior of the DWT for this actual fault current and voltage waveforms is illustrated in Fig. (5) for a three phase to ground fault at 50% of line length. All of the coefficients of d1 increase on fault inception and there are small discernible differences in the DWT outputs for the mother wavelet that is considered. The performance of the DWT realization was evaluated under different fault types, fault inception angle, and fault location. The DWT acts as an extractor of distinctive features (coefficient of d1) in the input signals at the relay location. This information is then fed into an ANN for fault detection and faulted phase selection. The second stage is responsible for detecting and classifying the fault using ANN. It is composed of two levels of neural networks shown in Fig. (6) . In level-1, a neural network, ANN F , is used to detect the fault, while in level-2; Four neural networks, ANN A , ANN B , ANN C , and ANN G , are used to identify faulted phase(s). The output of the ANN F activates ANN A , ANN B , ANN C , and ANN G if there is a fault. Therefore, the proposed topology determines both the fault type and the faulted phase(s). The output of the ANN F is either 0 or 1 indicating that there is a fault or not and the outputs from ANN A , ANN B , ANN C , and ANN G are also either 0 or 1 indicating that there is a fault on the phase or not. This means that, there is a line-to-ground fault and the faulted phase is B. 
VI. Simulation Results
The proposed classification scheme is implemented on MATLAB software. It is trained and tested using local measurements of three-phase voltage and current samples obtained from the PSCAD/EMTDC. The samples are analyzed using DWT. It should be mentioned that the same wavelet transform setup is used for the current signals and the voltage signals.
All of the ten possible fault types are simulated. The sampling rate is 512 samples per cycle of power frequency. Nine fault locations at (10%, 20%, 30%, 40%, 50%, 60%, 70%, 80%, and 90%) from the length of each line are taken for the training process. Another nine fault locations are taken at (5%, 15%, 25%, 35%, 45%, 55%, 65%, 75%, 85%, and 95%) from the length of each line for the testing process. The classification accuracy in the training phase was perfect (100 %), irrespective of fault location and fault type, while that of testing phase is fairly good (≈ 98 %).
Examples on some study cases of the testing data outputs are carried out. Table 1, Table 2 and Table 3 list the output from the two level ANNs, respectively, for different fault types at different locations for the series compensated transmission line system of Fig. (3) . To test the performance of the proposed fault detection and classification scheme, Fig. (7) shows the three-phase voltages and currents; ANNs output for a single line to ground fault affecting the TCSC compensated transmission line. From the testing process, it is seen that when a fault occurs, regardless its types and location, the proposed algorithm can detect the fault precisely by using a threshold of 0.5. All the test results show that the ANNF is suitable for detecting the fault and ANN A , ANN B , ANN C and ANN G are suitable for detecting the faulty phase(s). These figures validate the accuracy of the proposed protection scheme. 
VII. Conclusion
An ANN-based protection scheme using the discrete wavelet transform for a transmission line employing TCSC is presented. The proposed approach is designed to detect the faults, to classify the fault type, and to identify the faulted phase. DWT has been used for feature extraction. This feature vector has been used for training and testing ANN. The proposed topology is composed of two levels of neural networks. In level-1, a neural network (ANNF) is used to detect the fault. In level-2, four neural networks, ANNA, ANNB, ANNC, and ANNG, are used to identify the faulted phase(s). The output of ANNF activates four ANNs of level-2 if there is a fault. Therefore, the proposed topology determines both the fault type and selects the faulted phase(s). The results reveal the high accuracy and precise operation of the proposed fault detection and classification approach, regardless the fault type and location.
